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Abstract
Objective: Trunk shape is a known predictor of amounts of visceral adipose tissue
(VAT). The amount of total adipose tissue in the abdomen also predicts visceral adipose
tissue mass but it is unknown how much of VAT can be attributed to abdominal shape
versus size. Using two new measures derived from external measures such as hip
circumference and waist circumference, we investigated how shape and adiposity along
with demographic covariates are related to amounts of visceral adipose tissue. These new
measures are known as Trunk Shape and Trunk Size. These measures were then used to
develop models that predicted the percentage of visceral adipose tissue based on key
covariates.
Methods: Subject data were pooled from two studies containing dual energy X-ray
absorptiometry measured fat mass, and magnetic resonance imaging measured VAT
mass. Eight separate indices: A Body Shape Index (ABSI), BMI, waist circumference
(WC), hip circumference (HC), Trunk Size (TSZ), waist/hip ratio (WHR), Trunk Shape
(TSA), and body adiposity index (BAI), were examined as predictors of total VAT mass
and % of body weight as VAT using multi-linear regression. 192 different regression
models were developed that predict VAT mass. Linear models with multiple covariates
were then developed and tested to see how well they predicted %VAT.
Results: Adjusted R2 values were consistently higher in males than females. Our new
measures indicated that trunk size explains much more of the variation in VAT than trunk
shape does. Interestingly, in men, trunk size and shape were correlated, indicating that as
men become more obese, they tend to store fat in a “pot-belly” pattern, whereas no
correlation between trunk size and shape existed in women. Of all 8 indices tested, WC

was found to be the most accurate predictor for VAT and %VAT for both genders, and
including age as a covariate improved every adjusted R2 value. Adjusted R2 values for
Trunk Size proved to be higher than those for BMI, ABSI, and BAI in both data sets.
Conclusions: Trunk size is a better predictor of VAT than trunk shape even after
adjusting for age, gender, and height. Deposits of VAT appear to have a nonlinear
relationship with weight gain.
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Introduction
In today’s world, obesity is one of the most deadly problems facing U.S. society.
With the country’s obesity rate at an all-time high, understanding the physiology of
obesity is crucial. One of the key biological factors underlying the relationship between
obesity, mortality, and obesity related comorbidities is visceral adipose tissue (VAT),
commonly referred to as “bad fat” (1). VAT is defined as the fat tissue inside of the
abdominal cavity, and unlike adipose tissue in the rest of the body (AT), it has been
linked to increased rates of obesity related health complications (2). VAT can only be
accurately measured with advanced imaging methods such as magnetic resonance
imaging (MRI), therefore, quantifying and predicting amounts of VAT from easily
measurable physiological quantities such as weight and waist circumference is important
for characterizing health risks. In this thesis, new metrics that quantify body shape and
how well they predict total amounts of visceral adipose tissue in individuals will be
derived. It will also be determined how well these predictors correlate with overall body
fat as compared to more routinely applied measures such as body mass index (BMI).
Chapter 1
Introduction
In this section, we focus on specific geometrically derived metrics for body
adiposity and body shape. These metrics were tested against %VAT to identify the best
predictor of %VAT. In addition to the two new metrics, six additional existing indices
that are correlated to adiposity or obesity related mortality were compared against each
other for accuracy in predicting %VAT. They are Hip Circumference (HC), Waist
4

Circumference (WC), Waist Hip Ratio (WHR), Body Mass Index (BMI), Body Adiposity
Index (BAI), A Body Shape Index (ABSI), and the two new metrics of Trunk Size and
Trunk Shape. The formulas for all of these are located in the Appendix.
History o f Metrics
The traditional body mass index
measurement was derived by the mathematician
Quetelet in (3) and was popularized as a predictor of
body fat by Ancel Keys in (4). The equation for BMI
is

BMI =

W eight
H eight2

Where weight is measured in kg and height
in m. It is currently the most widely used proxy for
body fat by major health organizations such as the
National Institutes of Health, Centers for Disease
Control, and the World Health Organization. The
main limitation of the BMI measurement is that it

Figure 1: Waist circumference (WC) is

used to
calculate the diameter of the circle
(orange) (WC/7i).the diameter forms
the minor axis of the ellipse on the
right. The major axis is formed by the
height (H) of the subject.

does not distinguish between fat free mass (FFM) and fat mass (FM) nor quantify the fat
most related to comorbidities and mortality (VAT). In order to circumvent these
limitations, additional measures of waist circumference (WC) and hip circumference
(HC) have been recently applied (5 and 6). These additional measures were crucial in the
foundation of two other metrics, BAI and ABSI. These metrics are defined as such:

5

BAl =

Hip Circumference (cm)
-18
Height15 (m)

Waist Circumference (cm)
ABSI = ---------- 7
----- -— B M fij Height(cm)
These measures have not yet been compared nor tested for accuracy as a predictor
of VAT. Both indices are derived empirically and do not rely on body geometry.
Therefore their indices cannot relate back to how body geometry contributes to VAT.
Here we describe two new measures that isolate body shape and adiposity based on
geometrical concepts (7).
Methods
Body ellipsoid based metrics
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To obtain the two new predictors used,
the body is considered as an ellipse (Figure 1
and 2). We can define an ellipse by two
lengths referred to as the major axis and the
minor axis, which can be thought of as the
height and width of the ellipse, respectively. A
person’s height determines the major axis. We
assume that the minor axis can be represented
as the girth around the waist or hip region, and
so we calculate the diameter from WC and HC
using the formula ‘AWChi or Vi HC/7T,
Figure 2: Hip circumference (HC) is used
to calculate the diameter of the circle
(green) (HC/71). The diameter forms the
minor axis of the ellipse on the right.
The major axis is formed by the height
(H) of the subject.

respectively. A simplifying assumption here is
that the cross-section at the waist or the hip is
taken to be circular. To use both WC and HC

measurements, two separate models were developed; a waist-based ellipse and a hipbased ellipse (Figures 1 and 2).

Additionally, the ellipse itself is generated from the formula — + — = 1, where a
is defined as H/2 and b is the circumference (of either the hip or the waist depending on
which we are considering) divided by ti divided by 2. The foci, which are defined as
(0, —c) and (0, c) are calculated with the formula c = Va2 + b2, and we find the
eccentricity of the ellipse with the ratio of c/a.
Trunk Size and Trunk Shape metrics
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Body eccentricity forms the basis of the new metrics. The first new metric, Trunk
Size, is defined as
Waist Eccentricity + Hip Eccentricity
Trunk Size = ---------------------------------------------This metric is called Trunk Size because it takes the average of Hip and Waist
Eccentricity, which gives an estimate of how round the trunk is and therefore how large it
is. The second new metric, Trunk Shape, is defined as

Trunk Shape =

W aist Eccentricity — Hip Eccentricity
W aist Eccentricity + Hip Eccentricity

This metric is called Trunk Shape because it is a measure of the shape of the
body. For example, if someone has a positive Trunk Shape value, it means their Waist
Eccentricity is higher than their Hip Eccentricity and so they are wider in the waist region
than the hip region. These two new metrics are being tested against the six previously
established metrics for body shape that were defined in the introduction. We compared
how well each of the indices predict %VAT and %Body Fat (BF) by comparing adjusted
R2 values within two state of the art databases containing body measures and %VAT
measured by magnetic resonance imaging (MRI).
Subjects:
Three separate databases were used to analyze our metrics. The first database
consisted of MRI measured VAT in subjects pooled from several studies conducted at the
Christian Albrecht’s University in Kiel, Germany. This database was used to develop the
metrics of Trunk Size and Trunk Shape.

8

The second database consisted of data pooled from several studies conducted at
St. Luke’s/Roosevelt Hospital New York Nutrition Obesity Research Center (NORC).
The database is comprised of MRI measured VAT, age, height, race, sex, WC, and HC.
This database was used to analyze the same metrics as the Kiel data in order to make sure
we had consistent results.
The third database consisted of data obtained at Rutgers University. This database
was comprised of exclusively women, and was used to test theories on why our results
for women were different than our results for men.
Kiel
The Kiel database included 174 men and 246 women (Table 3). Total adipose
tissue and VAT volume were assessed through MRI over the course of several different
studies performed at Christian Albrecht’s University in Kiel, Germany since 2000. Both
adipose tissue and VAT volume were analyzed through MRI in this database. In addition
to VAT measurements, the Kiel database contained demographic measurements
including subject age, height, sex, WC, HC, and weight. Waist circumference was
determined using the World Health Organization (WHO) designated method between the
lower rib and above the iliac crest (8). The Institutional Review Board at ChristianAlbrecht’s University approved the original studies, and all subjects gave their informed
consent.
St. Luke ’s-Roosevelt Hospital
The St. Luke’s database included total volume of adipose tissue and VAT
measured using an MRI and were collected from a series of studies conducted at the New
York Obesity Nutrition Research Center at St. Luke’s/Roosevelt Hospital as previously
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reported (9). Subjects included men and women over the age of 18 including White,
Hispanic, Asian, and African American participants (Table 3). The database contained
demographic information on race, height, sex, and weight along with % Body Fat (BF)
measured by DXA. The data also contained measurements of WC, which was measured
on a plane around the abdomen at the top of the iliac crest (10) and HC which was
measured on all subjects around the widest portion of the buttocks (11). The pooled
database includes subjects of all fitness levels, as well as overweight and obese subjects.
Rutgers Study
The Rutgers study consisted of 383 subjects, all of whom were female (Table 3).
It measured trunk fat and total body fat with DXA scans. The data included women over
the age of 18, and included menopausal status (pre or post). The study also included
demographic information on height, weight and trunk fat mass. Since the measurements
also included total fat mass, the two measurements of total fat mass and trunk fat were
used to develop a proxy for VAT. The data set also included women of all BMI
classifications, from underweight to morbidly obese.
Results
The adjusted R2 values for the eight metrics correlated with %BF and %VAT are
found in Tables 4 and 5, where Table 4 contains the analyses for the St. Luke’s data, and
Table 5 contains the analyses for the Kiel data.
Of all 8 indices tested, WC was found to be the most accurate predictor for %BF
and %VAT for both genders.
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Adjusted R2 values were also consistently higher for males than for females,
regardless of the metric analyzed and which covariates were used. However, the use of
age and height as covariates barely changed the adjusted R2 values from the correlations
obtained with just age as a covariate.
Gender related changes in °%Vat: Rutgers Study
Since both the Kiel and St. Luke’s analyses produced lower adjusted R2 values
for women than for men, the all-female Rutgers data set was analyzed to see what results
would be found by analyzing %Adipose Tissue (AT) vs %Visceral Adipose Tissue
(VAT) in exclusively women. This resulted in adjusted R2 values near 0, suggesting there
is almost no connection between AT and VAT in women.
Age and Gender related changes in %VAT: Kiel Study
The metric of Trunk Size was regressed against %AT in the Kiel data and %VAT
in the Kiel and St. Luke’s data, with the results shown in Table 1. The Trunk Size vs
%AT analyses in the Kiel set was the first case where women had a higher regression
value than men. There is also a very large difference in the regression values of the St.
Luke’s data set vs the Kiel data set in the regressions on %VAT, even though they are
testing the same values.

Covariates
None
Age
Age and Height

Kiel Data: Trunk Size vs %AT
Women
Men
0.6471
0.4925
0.6467
0.4942
0.6444
0.5038
11

Covariates
None
Age
Age and Height

St Luke’s Data: Trunk Size vs %VAT
Women
Men
0.1949
0.4509
0.2474
0.4486
0.2439
0.4698

Covariates
None
Age
Age and Height

Kiel Data: Trunk Size vs %VAT
Women
Men
0.0609
0.2031
0.0795
0.1977
0.0802
0.1978

Table 1: Adjusted R2 values for Trunk Size regressed against both %AT (Adipose
Tissue) and %VAT (Visceral Adipose Tissue) in the Kiel and St. Luke’s Data sets for
males and females. Covariates of age and height were considered.
This could possibly be caused by differences in the data sets, as the Kiel and St.
Luke’s sets are analyzing people from different countries. The St. Luke’s data set consists
of people exclusively from New York City, while the Kiel data set is composed entirely
of Germans. In the St. Luke’s correlations of Trunk Size vs %VAT, age came up as a
significant covariate for women but was insignificant for men. This led to further analysis
with the data split into people under and over 55 to run regressions of %AT vs %VAT,
with the results shown in Table 2. For men not much changed with this split, but the
women had drastically different results. The women under 55 retained their sensitivity to
age as a covariate, while the women over 55 had much better adjusted R2 values.

Covariates
None
Age
Age and Height

Kiel Data: %AT vs %VAT
Women
Men
0.1313
0.3855
0.3947
0.4066
0.3962
0.4039
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Covariates
None
Age
Age and Height

Covariates
None
Age
Age and Height

Kiel Data: %AT vs %VAT: Under 55
Women
Men
0.1945
0.4200
0.2692
0.4216
0.2712
0.4152

Kiel Data: %AT vs %VAT: 55 anc
Men
0.3997
0.4000
0.3860

Over
Women
0.4784
0.4809
0.4694

Table 2: Adjusted R2 values for % Adipose Tissue (AT) regressed against % Visceral
Adipose Tissue (VAT) in the Kiel data set. Covariates of Age and Height were
considered, and the data was split into subjects younger than 55 and subjects 55 and
older.
With this potential link between older women and increased adjusted R2 values
found, the women were looked at more closely to see if a trend could be found in their
data. This was done by taking the females of the Kiel data set and splitting them into
quartiles by %VAT, with the results shown in Figure 3.
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Age vs %VAT in Women
60
50
40
Age 30
20
10

0

%VAT Quartiles

Figure 3: Plots of %VAT vs Age in the Females of the Kiel data base. The quartiles
range from the 25% of women with the lowest %VAT on the far left to the 25% of
women with the highest %VAT on the right. They are plotted against the average age of
the women in each quartile.
From Figure 3, it can be observed that there is a trend between increasing age and
increasing %VAT in women, confirming the significance of age shown in the %AT vs
%VAT regressions. This demonstrates that as women age, their fat is less uniformly
distributed and gravitates to higher depositions of VAT. This change was not observed in
men whose fat deposition holds a constant distribution despite advancing age. As Table 2
shows, when the men of the Kiel data set aged they still had a roughly constant
relationship between %AT and %VAT.
Discussion
There are several reasons for why women and men may differ in terms of %VAT.
Women accrue fat during pregnancy which tends to remain post pregnancy with more fat
14

distributed centrally (12). Menopause has a profound effect as well (13). Overall, this
connection between female aging and %VAT is very important, as it has the potential to
play a huge role in how to treat age dependent weight loss in women.
This chapter demonstrated certain differences of certain covariates predicting
%BF and %VAT. The analyses performed singled out certain covariates as improving
predictions substantially, while also revealing a contrast between the qualities of
predictions for males versus females. Now that each individual covariate has been tested,
the next chapter will focus on combining these covariates to develop optimal models for
predicting %VAT.
Conclusion
Our new measures indicated that trunk size explains much more of the variance in
VAT than trunk shape does. Interestingly, in men, trunk size and shape were correlated,
indicating that as men become more obese, they tend to store fat around the waist,
whereas no correlation between trunk size and shape existed in women.

Study

Gender

Subjects

Subject Characteristics
Waist
BMI
Age
(kg/m2) (cm)
(y rs)

St. Luke’s

Male

167

3 9 (15)

25.70
(3.78)

St. Luke’s

Female

203

4 5 (17)

Kiel

Male

174

Kiel

Female

246

Hip
(cm)

% Fat

% VAT

87.58
(10.74)

99.68
(7.47)

20.53
(7.99)

2.61
(1.95)

25.82
(5.53)

79.80
(13.16)

101.10
(11.95)

33.48
(10.10)

2.06
(1.42)

4 2 (14)

27.14
(4.39)

96.01
(12.91)

101.49
(8.72)

24.05
(8.44)

4.02
(2.37)

38(13)

28.60
(6.90)

92.93
(16 .3 2 )

108.57
(15.33)

38.26
(10.29)

2.32
(1.64)

15

42.15
(6.64)

31.37
(7.68)

53(11)

383

Female

Rutgers

Table 3: Subject characteristics of the St. Luke’s, Kiel, and Rutgers data sets. These
include Age, BMI, Waist Circumference, Hip Circumference, %Body Fat(BF), and
%Visceral Adipose Tissue(VAT). Data is presented as Mean(Standard Deviation).

%BF (Fat Mass/Body Mass) (St. Luke’s)
Covariates

ABSI

ABSI

BM I

BMI

wc

WC

HC

HC

Size

Size

W HR

G ender

F

M

F

M

F

M

F

M

F

M

None

0.1

Shape

BAI

BAI

W HR

Shape

F

M

F

M

F

M

0.02

0.46

0.1

0.3

041

0.31

0.34

0.36

0.63

009

0.31

0.29

0.54

0.05

0.56

0.54

0.37

0.67

0.18

0.5

0.31

0.63

0.14

0 59

0.12

0.5

0.17

0.5

0.54

0.37

068

0.17

0.53

0.32

0.64

0.14

0.59

0.12

0.5

0.18

0.54

W HR

Shape

Shape

BAI

BAI

Age

0.15

045

0 34

Age Height

0.15

0.44

0.34

C ovariates

ABSI

ABSI

BMI

G ender

F

M

F

M

F

M

F

M

F

M

F

M

F

M

F

M

0.19

0.22

024

0.5

0.04

0.19

0.19

045

0.04

0.55

0.03

0.47

0.06

0.25

%VAT (VAT Mass/ Body Mass) (St. Luke’s)
BMI

wc

WC

HC

HC

Size

Size

W HR

None

0.12

048

Age

0.18

0.51

0.25

0.47

0.28

0.58

0 16

0.43

0.25

0.58

0.16

0.59

0.15

0.52

0.17

0.49

Age Height

0 18

0.52

0.25

0.48

0.29

0.61

0.16

0.48

0.24

0.57

0.16

0.59

0.15

0.53

0.16

0.49

Table 4: Adjusted R2 for index capability to predict %body fat (BF) and % visceral
adipose tissue (VAT) in the St. Luke’s study data. Covariates of age and height were
considered. The formula for each index appears in the Appendix.
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%BF (Fat Mass/Body Mass) (Kiel)
C ovariates

ABSI

ABSI

BMI

BMI

vvc

WC

HC

HC

Size

Size

W HR

W HR

Shape

Sha
pe

BAI

BAI

G ender

F

M

F

M

F

M

F

M

F

M

F

M

F

M

F

M

None

0.12

0.36

027

0.32

0.39

049

0.23

0.28

0.28

0.39

0.24

0.46

0.02

0.4

0 18

0.23

Age

0.14

0.37

0.42

045

0.49

0 56

0.38

0.45

0,38

0.47

0.27

0.47

0.1

0.42

0.28

0.34

Age Height

0.17

0.38

0.45

0.48

0.49

0.56

0.38

0.44

0.44

0.52

0.29

0.5

0.13

0.45

0.38

0.45

%VAT (VAT Mass/ Body Mass) (Kiel)
C ovariates

ABSI

ABSI

BMI

BMI

wc

WC

HC

HC

Size

Size

W HR

W HR

Shape

Shape

BAI

BAI

G ender

F

M

F

M

F

M

F

M

F

M

F

M

F

M

F

M

None

0.19

0.38

003

0.11

0.11

0.26

0.02

0.09

0.06

0.2

0.22

0.36

0.09

0.31

0.62

0.12

Age

0.29

043

0.3

035

0.35

0.43

0.28

0.35

0.3

0.38

0.36

0.43

0.27

0.4

0.62

0.32

Age Height

0.29

0.42

0.3

0.35

034

042

027

0.34

0.3

0.39

0.36

0.43

0.26

0.4

0.63

0.35

Table 5: Adjusted R for index capability to predict %body fat (BF) and % visceral
adipose tissue (VAT) in the Kiel study data. Covariates of age and height were
considered. The formula for each index appears in the Appendix.
Chapter 2
Introduction
In this section, we focus on geometrical model development to predict %VAT. In
the previous regression analyses individual predictors of body shape and body adiposity
were tested to discover which explained more of the variation in %VAT, but the long
term goal is to develop a model founded in the geometry of human body shape that
combines multiple covariates and improves actual predictions of %VAT beyond what is
known in the field. The need for improved models that predict VAT from body geometry
is that VAT is highly related to mortality (14), type 2 diabetes (15), and risk of
cardiovascular disease (16). Directly assessing the magnitude of VAT currently requires
measurements from MRI, which is expensive and places high burden on both patient and
clinician. Therefore, it is unfeasible for health care practitioners to provide individualized
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information and treatment recommendations on a patient’s VAT magnitude from MRI.
An accurate mathematical model derived from easily measurable quantities such as waist
and hip circumference provides a scalable and affordable alternative.
Methods
Model Development
Eight models were developed. A summary of all models appears in Table 6. The trunk
size and trunk shape models were presented in the last section. The new models
developed here involve both previously established metrics and new geometrically
derived covariates.
Abbreviations: VAT=Visceral Adipose Tissue, WE=Waist Eccentricity,
HE=Hip Eccentricity______________________________ ____________
Description
Formula
Model Name
Linear model that includes
%VAT = ax + a2WE + a3HE
Eccentricity
only waist eccentricity and
Model
hip eccentricity as
covariates.
%VAT = a1 + a2WE + a3HE + a4Age Linear model that includes
Eccentricity
waist eccentricity, hip
Model including
eccentricity, and age as
Age
covariates.
Linear model that includes
%VAT = a1 + a2WE + a3HE +
Eccentricity
waist eccentricity, hip
Model including a4Age + a$Gender
eccentricity, age, and
Age and Gender
gender as covariates.
Linear
model that includes
%V
AT
=
a±
+
a2WE
+
a3HE
+
Eccentricity
waist eccentricity, hip
Model including a4Age + am ender + a6BMI
eccentricity, age, gender,
Age and Gender
and BMI as covariates.
and BMI
%VAT = at + a2WE + a3HE + a4Age Linear model that includes
Eccentricity
+ asGender
waist eccentricity, hip
Model including
eccentricity, age, gender,
Age, Gender,
and was tested on each race
used on
present in the data.
individual Races
Linear model that includes
%V
AT
=
%V
AT
=
a1
+
a2WE
+
Eccentricity
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Model including a3HE + a4Age + asGender +
Age, Gender, and a6Race
Multiple Races
%VAT = a1 + a2[eAge x eGender
Volume Model
x Volume]
Modified Trunk
Shape and Trunk
Size Model

%VAT = % + a2[l —Trunk Size2] +
a3[l + Trunk Shape]

waist eccentricity, hip
eccentricity, age, gender,
and analyzes four races.
Model that uses volume,
age, and gender as
covariates
Linear model that uses
modified versions of trunk
shape and trunk size as
covariates.

Table 6: Formula and description of each model that predicts %VAT. Adjusted R2 values
for each model are located in the Appendix.
Eccentricity Model
The sole covariates of the first model were Waist Eccentricity and Hip Eccentricity. This
model was linear, of the form:
%VAT = ax + a2WE + a3HE
Other Eccentricity Models
With the previous eccentricity model as a base, the next several models took that model
and added other covariates to it to test if they were significant and to measure the degree
that the inclusion of the additional covariates contribute to the predictions. These
covariates included Age,
%VAT = a1 + a2WE + a3HE + a4Age
Age and Gender
%VAT = ax + a2WE + a3HE + a4Age + asGender
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Age, Gender, and BMI
%VAT = at + a2WE + a3HE + a4Age + asGender + aeBMI
Models that include Race
Race is well known to impact the amount of VAT (6). Asians are known to have
higher levels of VAT and African Americans have lower levels of VAT at the same BMI
(17). We attempted to verify this by analyzing whether race was a significant predictor of
%VAT using these next two models. After the significant covariates from the
Eccentricity Model were established, two new models were developed. A separate model
testing the impact of each individual race, on predictions:
%VAT = a1 + a2WE + a3HE + a4Age + asGender
and another that considered all four races present in the data%VAT = a1 + a2WE + a3HE + a^Age + asGender + a6Race
In this case, each race is assigned a discrete value 1-4 and the entire race variable was
tested for significance.
Volume Model
In order to model body geometry that may have been missing especially for
females, we derived a new geometric model of body proportions. We start by assuming
that %VAT is proportional to the percent of total body mass located in the trunk. But
since volume can be denoted as:
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Mass
Volume = —---- ;—
Density
This can be rewritten as
Trunk Volume
%VAT = a - ----——:—— -----Total Body Volume
We fall back on our ellipsoid model of the human body to estimate both trunk
volume and total body volume. The volume of an ellipsoid with two radii rx and ry with
length L is equal to -n rxryL. Therefore, the volume of the body is:

Where rb is the average “radius” of rx and ry as they are defined in the human body as an
ellipsoid. Similarly, this process should also work for finding the volume of the trunk,
or Vt. Since the trunk is just a smaller portion of the human body which was previously
mapped to an ellipsoid, Vt can be defined as:

We can define the radius of the human trunk mapped to an ellipsoid as
WC + HC
Let us also assume that trunk height is directly proportional to body height, i.e. ht = /?//,
with (3 as a constant of proportionality, and therefore trunk volume is

T/

2

vt =

2nrt

2(3
ht = Y n

WC + HC1
ht
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We then both divide and multiply by H2 to obtain
2

*

WC + HC

,

-

Now dividing trunk volume by total body volume, we obtain

%VAT = ap

WC + HC]2
2rb

Thus %VAT should scale as the average trunk circumference divided by body
circumference squared.
Now we need to estimate body circumference within the geometric model we
have derived. We know that body mass equals density multiplied by volume, or:
2p
.
M = pVb = — nrb2H

Therefore, body circumference rb should be equal to

rb =

3 M
2npH.

Then since Body Mass M is equal to BMI x H2, this can be substituted to obtain

rb

3BMI x H
2np

Taking this result and substituting into the result for %VAT give

%VAT = 2napp

WC + HC

/[3 BMI x H]
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The above equation indicates the important result that %VAT should scale proportionally
as

%VAT oc

pnd
BMI x H

For simplicity, we will assume that p is constant, which gives the fundamental scaling
relation

%VAT oc

BMI x H

We can now re-express the above results in terms of WE and HE. We started by
deriving WE and HE using WC and HC transforms.

WE =

These were then solved on Maple to obtain
WC = y/l — WE2 x H x 7i and HC = y/l — HE2 x H x n
By substituting these into the trunk radius equation, we obtain

rt = j n 2H2 [Vl -

WE2+ J l - HE2]

We can now solve our original equations for WE and HE in terms of Trunk Size and
Trunk Shape by solving a system of our first two equations. We used our Trunk Shape
and Trunk Size equations for this purpose.
W aist Eccentricity + Hip Eccentricity
Trunk Size = --------------------------------------------------23

W aist Eccentricity — Hip Eccentricity
Trunk Shape = —— — --------—---- ~-rr.—~
^
W aist Eccentricity + Hip Eccentricity
Maple gives this as a solution.
WE = Size[Shape + 1] and HE = Size[ 1 —Shape]
We then substitute our derivations back into the trunk radius equation to obtain
j
_________________________________
rt = - n 2H2 L /—Size2Shape2 — 2Size2Shape —Size2 + 1
4
t
____________________________________ __ ____________ -i 2

+ yj —Size2Shape2 — 2Size2Shape —Size2 + lj

To make this nicer, we assume that Trunk Shape is small relative to Trunk Size and we
Taylor expand up to the Shape2 terms to obtain our final radius equation.

tv =

Size2
n 2H2 [1 —Size2] + —— ^— -S h a p e 2
L
Size2 - 1

Thus, we expect that the lowest-order corrections to trunk radius involves terms that are
quadratic in Trunk Shape, denoted as Shape. But the predominant contribution to trunk
radius should arise from the term
rt = n 2H2[l —Size2]
Substituting this result into our proportionality equation for %VAT gives

%VAT oc

[1 —Size2]H
BMI

And when we take the limit as Size -> 0, Shape -> WE, so the final result of
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%VAT =

[1 - WE2]H
BM Î

is obtained. This final calculation of %VAT is a geometric interpretation of %VAT, and
it was used in the development of the nonlinear volume model.
Modified Trunk Shape and Trunk Size Model
For the next models, the metrics of Trunk Size and Trunk Shape were modified
into new forms. The reason for this modification is because %VAT is roughly
proportional to r 2, where r is the average radius of the body (Figure 4). From the volume
model, it was calculated that
rt = n 2H2[l —Size2]
Because 7r2 is a constant and rt in relation to trunk height is
proportional to body height, r 2 can be calculated as roughly proportional
to 1 —Trunk Size2. There is also potential for an error with the formula
WE—HE

for Trunk Shape. Since the formula for Trunk Shape is WE+HE->in the event
that WE=HE, Trunk Shape is 0 and the contribution of Trunk Shape to
%VAT is also 0, which is not desirable. To correct this issue, we adjust
the Trunk Shape covariate by adding 1:1 + Trunk Shape. The final
model form then becomes:

Figure 4:

%VAT — ax + a2[l —Trunk Size2] + a3[l + Trunk Shape]

Body
inscribed in a
cylinder with
radius aligned
with the
largest

Results

distance
across.

Eccentricity Model
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For the very first model test, the Kiel data was used and separated into men and
women. Both Waist Eccentricity and Hip Eccentricity were used in this initial model
(Table 6, Entry 1), and the results were consistent with what was observed previously.
Like in the initial covariate analyses, the men had a better adjusted R2 score than the
women, 0.32 vs 0.20. Hip Eccentricity and Waist Eccentricity also both proved to be
significant here, so future models made also tried to incorporate them.
The next analyses performed the same analyses on the St. Luke’s data set. This
was to see if the patterns exhibited in the data were consistent across multiple data sets.
The same pattern observed in the genders from the Kiel data was observed here as well,
with men having the higher adjusted R2 values than women. The difference though is that
the adjusted R2 values were higher overall in this data set, with 0.62 for men and 0.25 for
women.
Eccentricity Model with Age
From the previous chapter, our analyses showed that women had drastically
different correlation values when the female data was stratified by age. Therefore age was
tested as the next covariate to see if it was also significant (Table 6, Entry 2). Since WE
and HE proved to be significant in the previous models, the next set of models developed
kept them as predictors and merely added an age term to develop the new model. In the
Kiel data set, age proved to be extremely significant. Including the covariate of age raised
the male adjusted R2 value from 0.32 to 0.47. The same inclusion in females also raised
the adjusted R2 from 0.25 to 0.41.
Eccentricity Model with Age and Gender
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Once it was determined that age was a significant covariate for both men and
women, the next step was to see what would happen if the data for the genders was
analyzed together. For the next models, the same WE, HE, and Age covariates that
proved to be significant for each gender individually were used (Table 6, Entry 3), and
Sex was added as the next covariate. This necessitated taking the full set of data from
both the Kiel and St. Luke’s sets, and seeing if every covariate continued to be
significant. In the Kiel data, every one of the covariates came back significant, with an
adjusted R2 value of 0.57, the highest value seen thus far in the Kiel data. A similar
situation occurred in the analysis of the St. Luke’s data, with each covariate coming back
significant and a high adjusted R2 of 0.58.
Eccentricity Model with Age, Gender, and BMI
After developing a model that included combined genders, the next goal was
including additional measurable significant covariates. Surprisingly, BMI (Table 6,
Entry 4) proved to be significant for the St. Luke’s data, but was not statistically
significant for the Kiel Study.
Eccentricity Model with Age, Gender, and one Race
With the individual covariates examined, it was now time to see how race
impacted these models. The St. Luke’s data set was broken up into its’ four racial groups:
White, Black, Asian, and Hispanic (Table 6, Entry 5). The White and Asian models both
exhibited some of the highest adjusted R2 values seen yet, with values of 0.70 and 0.68
respectively. By contrast, the Hispanic and Black models were not quite as accurate, with
adjusted R2 values of 0.42 and 0.55 respectively.
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Eccentricity Model with Age, Gender, andfour Races
The final racial model was also developed using the St. Luke’s data (Table 6,
Entry 6). It had 8 covariates: HE, WE, Age, Sex, and all four of the races represented in
the St. Luke’s data set. At 0.62, the adjusted R2 value for this model was higher than each
of the individual covariates used. Also, 7 of the 8 covariates came back as significant for
this model, except Hispanic.
Volume Model
When our Volume model (Table 6, Entry 7) was analyzed in the Kiel data set, it
had an adjusted R2 Value of 0.55. Every covariate of this model came up as significant.
Modified Trunk Shape and Trunk Size Model
When developing a model using the St. Luke’s male data with just 1 —
Trunk Size2 and 1 + Trunk Shape as covariates (Table 6, Entry 8), it came out to
have an adjusted R2 value of 0.62 just like the racial model. The St. Luke’s women also
had a decent adjusted R2 value with these covariates, coming in at 0.45.
Discussion
The original Eccentricity Model (Table 6, Entry 1) demonstrated that Waist and
Hip Eccentricity were both significant predictors of %VAT. However, when WE2 and
HE2 were incorporated to this model as well, they came up as not statistically significant
and barely changed the adjusted R2 values at all. This is due to the fact that both WE and
HE are very close to 1 to begin with, so squaring them barely changed their values or
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their relation to %VAT. This result was consistent over both the St. Luke’s and Kiel data
sets.
While the Eccentricity model with Age and Gender (Table 6, Entry 3) was one
of the best models for the Kiel data, it did not have the highest adjusted R2 value seen in
the St. Luke’s analyses. This is likely due to the women having lower overall adjusted R2
than the men in the previous models for the St. Luke’s data, so the combination of men
and women could cause the adjusted R2 values to skew downward.
What is compelling about the results from the Eccentricity model tested on each
race individually (Table 6, Entry 5) is how the significance of the covariates changed in
each race. For example, Age was the only covariate that remained significant for the
Asian model, while every covariate but Sex remained significant for the African
American model. The variance of which covariates were significant indicated that
separating the data may have led to sufficiently small sample sizes that do not properly
capture outcomes. Instead, the Eccentricity model for multiple races (Table 6, Entry 6)
was developed to capitalize on the previously significant covariates found in the analysis
of the entire data set. This model has the potential to be used for a wide range of
individuals, because of the inclusion of significant covariates of age, gender, and race.
The Volume model (Table 6, Entry 7) proved that our new predictor of %VAT
could provide comparable adjusted R2 values to prior models. Since the Volume model
was developed with the geometry of the human body, it also has fewer limitations on
subjects in can be used on. This stands in contrast to BMI, as it can claim that someone is
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obese when they have more muscle than fat, due to it not analyzing the composition of a
person’s fat mass and fat free mass.
Conclusion
Our models indicated that there are a large number of covariates that have a
significant correlation with VAT. Overall, the multiracial linear model proved to be the
most viable for people of different backgrounds.
Conclusion
This research indicates that our new covariates of Trunk Shape and Trunk Size
are viable for predicting %VAT. As indicated in Tables 4 and 5, Trunk Size proves to be
a better predictor of %VAT than the previously established metrics ABSI, BMI and BMI.
The development of these linear models showed that many different covariates
had a significant effect on the prediction of %VAT. In particular, Waist Eccentricity and
Hip Eccentricity, which were covariates derived from the Body Roundness Model, came
up significant in every single model test.
Future Directions
For future considerations, additional terms could be considered. For example, the
interaction term of WE x HE was also tested as a covariate in the Eccentricity model
(Table 6, Entry 1), and it proved to be significant. It was not used in the final
development of the models, however all interaction terms may be identified significant
and consequently important inclusions.
All of the previously developed models were linear, for example:
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%VAT = a± + a2Age + a3Gender
with every term being exclusively raised to the first power. But, analysis of some of the
models revealed nonlinear trends. For example, in the plot of the Eccentricity Model with
Age and Gender (Table 6, Entry 4), the data appears be shaped in a concave up trend
(Figure 5). Because there is an increasing trend in the bias of these Bland Altman plots, it
means that the error has a pattern and could be better modeled by a nonlinear function.

Figure 5: Bland Altman plots(18) of predicted vs actual %VAT for the Eccentricity
model with Age and Gender as covariates in the St. Luke’s database (Panels A and B),
and in the Kiel database (Panels C and D).Correlation of predicted vs actual %VAT in
the St. Luke’s database resulted in decent correlation (Slope=.57, intercepts, ft2=.57).
The bias in the prediction was -.01 with a 95% confidence interval of [-2.21,2.19], and

31

there was an increasing trend to this bias (Slope = .32, R2=A6). The Kiel database
exhibited similar results (Slope=.55, intercept 1.5 5, R2=.55), with a similar small bias
(0) and 95% confidence intervals [-2.85, 2.85]. Once again, there is an increasing trend in
bias (Slope = .34, R2=A7).
Because of the trends noted in Figure 5, we next considered the use of nonlinear
models, such as exponential models. For example, an exponential model can be formatted
like this, where the model has some exponential terms instead of exclusively linear terms.

y = a + bx + ce o
In this case, a and b are linear parameters, while G is a nonlinear parameter.
However, this model cannot be analyzed directly through JMP, as it contains nonlinear
terms. So in order to perform the analysis necessary to calculate the adjusted R2 value,
the log of the model is taken on both sides:

logy

= log |a + bx + ce~®J
If our hypothesis of model nonlinearity is correct, the nonlinear models should

generate a higher adjusted R2 value than the previous exclusively linear models.
To determine whether using the nonlinear models would be effective, the first
step taken was to take some of the previous linear models that were developed and
convert them into nonlinear models. For example, a linear model using only Waist
Circumference would look like this:
%VAT = a± + a2WC
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While a nonlinear model would be of the form:
%VAT = a± + a2eewc
The results of these conversions can be found in Table 7. This table shows that
for every covariate we tested, a nonlinear model proved to be more effective than a linear
model at predicting %VAT.

%VAT Regression Models and their adjusted R2 Values
Men and Women
Women
Men
Model Covariates
Used
0.1750
0.1139
0.2605
WC-Linear
0.2740
0.2191
0.3649
WC-Nonlinear
0.4175
0.2082
0.3415
WC+HC-Linear
0.4542
0.2855
0.3986
WC+HC-Nonlinear
0.0081
0.0609
0.2031
Size-Linear
0.3879
0.1964
0.3214
Size and ShapeLinear
0.0326
0.1205
0.2601
Size-Nonlinear
0.3842
0.2360
0.3284
Size and 1+ShapeNonl inear
0.3055
0.2362
0.4008
Volume ModelLinear
0.3643
0.2806
0.4802
Volume ModelNonlinear
0.4068
0.2355
0.3969
Volume
Model+Shape-Linear
0.4213
0.2760
0.4837
Volume Model and
1+Shape-Nonlinear
Table 7-The adjusted R2 values for correlation of the model with the given covariates
with %VAT in the Kiel Study data.
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Appendix
Body Indices
ABSI=A body shape index, BMI = Body Mass Index, WC= Waist circumference,
HC=Hip circumference, WHR = Waist to Hip Ratio, BAI = Body Adiposity Index
Formula
Term
WC ( cm)
AB SI
BM I 3 * J H eight(cm )
W eight (kg)

BMI
WC
HC
Trunk Size

H e ig h t2 (m)
W aist C ircum feren ce (cm)
Hip C ircum feren ce (cm)
W aist E ccen tricity + Hip E ccecn tricity

______ 2_______________________ ______

Trunk
Shape
WHR
BAI

W aist E ccen tricity —Hip E ccen tricity

W aist E ccen tricity + Hip E ccen tricity
W aist C ircum feren ce
----------------------------------------- (cm)
Hip C ircum feren ce _______
Hip C ircu m feren ce (cm)
H eight1-5 (m)

Body Indices-The eight indices used in the regressions from Chapter 1

Term
BF
%BF
VAT
%VAT
AT

%AT

Body Measurements
Definition
Total kg of body fat. This includes VAT and fat distributed throughout the
body.
Ratio of body fat to total body weight multiplied by 100.
Total kg of visceral adipose tissue, commonly referred to as belly fat.
Ratio of VAT to total body weight multiplied by 100.
Total kg of adipose tissue, tissue that is used by the body for fat storage.
This is slightly less than BF which also includes additional fat depots that
are not used for body energy storage.
Ratio of AT to total body weight multiplied by 100.

Body Measurements-The different measurements that are predicted in Chapters 1 and 2.
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Term
MRI
DXA

Measurement Techniques
Definition
Magnetic Resonance Imaging, uses an oscillating magnetic field.
Dual-energy X-ray Absorptiometry, uses two X-ray beams with different
levels.

Measurement Techniques-Specific methods used to obtain measurements of VAT in
subjects.

Model
Eccentricity Model

Adjusted R2 Values for Each Model
Adjusted R2 Value
0.32 for Kiel Men, 0.20 for Kiel Women, 0.62 for St. Luke’s
Men, 0.25 for St. Luke’s Women.
0.47 for Kiel Men, 0.41 for Kiel Women.

Eccentricity Model
including Age
0.57 for the Kiel Data, 0.58 for the St. Luke’s Data.
Eccentricity Model
including Age and
Gender
0.68 for St. Luke’s Men, 0.57 for the Kiel Data.
Eccentricity Model
including Age and
Gender and BMI
0.70 for Whites, 0.68 for Asians, 0.42 for Hispanics, 0.55 for
Eccentricity Model
African Americans. (All St. Luke’s Data)
including Age, Gender,
used on individual Races
0.62 for the St. Luke’s Data.
Eccentricity Model
including Age, Gender,
and Multiple Races
0.62 for the St. Luke’s Men, 0.45 for the St. Luke’s Women.
Modified Trunk Shape
and Trunk Size Model
0.55 for the Kiel Data.
Volume Model

Adjusted R2 Values- Values for each model from Table 6.
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